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Abstract

We introduce MolMiner, a fragment-based, geometry-aware, and order-agnostic
autoregressive model for molecular design. MolMiner supports conditional genera-
tion of molecules over twelve properties, enabling flexible control across physico-
chemical and structural targets. Molecules are built via symmetry-aware fragment
attachments, with 3D geometry dynamically updated during generation using force-
fields. A probabilistic conditioning mechanism allows users to specify any subset of
target properties while sampling the rest. MolMiner achieves calibrated conditional
generation across most properties and offers competitive unconditional perfor-
mance. We also propose improved benchmarking methods for both unconditional
and conditional generation, including distributional comparisons via Wasserstein
distance and calibration plots for property control. To our knowledge, this is
the first model to unify dynamic geometry, symmetry handling, order-agnostic
fragment-based generation, and high-dimensional multi-property conditioning.

1 Introduction

Deep generative models are increasingly central to modern high-throughput screening (HTS) pipelines
[, 2], where they generate candidate molecules tailored to specific properties before being filtered
through successively more expensive stages: from machine-learning surrogates [3] to quantum
chemical calculations such as density functional theory [4]. These models span a wide range of
molecular representations (e.g., SMILES [5]], molecular graphs) and generative approaches (e.g.,
VAEs [6} (7], diffusion models [8, 9]).

While many methods address isolated challenges—such as chemical validity, structural diversity,
or property control—it remains rare to find models that simultaneously support the full range of
capabilities required for practical molecular design. In real-world settings, models must go beyond
one-shot generation to support multi-step, interpretable generation processes that flexibly adjust
molecular size, incorporate chemically meaningful fragments, and maintain validity throughout.
Multi-step generation also enables human-in-the-loop design, offering greater transparency and
interactive control. Furthermore, capturing 3D geometry is essential when structure-dependent
properties are targeted—yet few autoregressive frameworks incorporate this effectively [10].

Another limitation in existing methods is rigid rollout order: most autoregressive models grow
molecules from a fixed atom or fragment, reducing flexibility and diversity. We address this with an
order-agnostic rollout strategy that allows growth from any starting fragment in any valid order.

Finally, conditional generation is critical for use in HTS pipelines, where desired molecular properties
are specified upfront. While most models support only single-target conditioning, we enable multi-
property control over twelve physicochemical and structural properties. Users can condition on
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any subset of properties, and the remaining ones are automatically sampled—facilitating efficient,
targeted exploration of chemical space.

We introduce MolMiner, a unified, fragment-based generative model designed for flexible and
controllable molecular generation. Our key contributions are:

* Multi-property conditional generation: MolMiner supports conditioning on any subset of
twelve molecular properties, enabling flexible, user-defined control. It achieves accurate
and calibrated generation across a wide range of targets.

e Symmetry-aware 3D modeling: We incorporate a dynamic, forcefield-driven geome-
try update during generation and introduce a standardized protocol to handle fragment
symmetries.

* Order-agnostic generation: Our rollout strategy avoids fixed atom ordering, improving
flexibility and acting as a regularizer.

» Targeted evaluation protocols: We propose Wasserstein-based distributional metrics and
calibration plots to rigorously assess both unconditional and conditional performance.

2 Related Work

Our work builds on fragment-based molecular generation approaches such as JTNN [11] and HierVAE
[12], which assemble molecules sequentially while enforcing chemical validity. Like these models,
we use coarse-grained molecular fragments and an autoregressive decoding process. Our model is also
order-agnostic, similar in spirit to G-SchNet [13]], allowing flexible rollout without fixing a starting
point or strict atom ordering, whereas JTNN and HierVAE are fragment-based but order-fixed, and
G-SchNet is order-agnostic but atom-based. Additionally, unlike G-SchNet, we allow the geometry
of the partial molecule to remain dynamic during generation, rather than freezing atom positions
prematurely. We also explicitly introduce a systematic method to handle fragment symmetries during
attachment, an aspect not clearly detailed in earlier fragment-based models such as MoLeR [14]].
Finally, we demonstrate conditional generation across twelve molecular properties simultaneously; a
scale of multi-target control that, to the best of our knowledge, has not previously been achieved in
molecular generative modeling.

3 Method

We model molecular generation as a fragment-based, order-agnostic [[15, [16], autoregressive process.
Molecules are first decomposed into non-overlapping fragments based on rings and bonds, with
attachment points standardized to account for fragment symmetries. Generation proceeds step-by-
step: at each step, the model is queried with a focal attachment point on the current partial structure
and predicts either a new fragment to attach or a decision to terminate that site. To incorporate 3D
information, the partial molecular structure is relaxed using a forcefield (e.g., UFF [17]) and the
spatial arrangement is used to inform the prediction. This avoids the rigid, frozen geometries seen in
prior methods [[13] and ensures that predictions are conditioned on realistic intermediate structures.

Formally, we define the probability of a molecule M as the expected likelihood over all valid rollout
trajectories R, each consisting of a sequence of fragment attachment actions:
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Here, Xj = (fj; a;) is a fragment-attachment pair where fj 2 V¢ is a fragment from the vocabulary
and a; 2 V4(f;) is a valid attachment configuration for fj. The model may also select a special

“termination” action, which marks an attachment site as closed. The sequence X(<F§) denotes the partial
structure up to step I, C represents optional conditioning information (e.g., target properties), jRj
is the length of the rollout, and U denotes uniform distribution over the set of valid rollout orders
R(M). Generation proceeds by alternately attaching fragments or terminating open sites. The
process continues until all sites are resolved, yielding a chemically valid, fully assembled molecule.
Figure|l|illustrates a step in the autoregressive process of molecular generation with MolMiner.



Figure 1: Schematic of MolMiner's fragment-based rollout process. Given a partially grown molecule
and a selected focal attachment site, the model predicts the next fragment and attachment con guration
in an autoregressive manner. Rollouts proceed in an order-agnostic manner, with growth initiated by
an auxiliary predictor that selects the starting fragment.

3.1 Fragment-Based Molecular Representation

Molecules naturally exhibit hierarchical structure, often containing repeating substructures such as
rings and functional groups. To capture this, we represent molecules as assemblies of chemically
meaningful, non-overlapping fragments. Speci cally, we apply a coarse-graining procedure that
decomposes each molecule into a set of fragments corresponding to rings, identi ed via the RDKit's
Smallest Set of Smallest Rings (SSSES][ and isolated bonds not within a ring. This decomposition
strategy is similar to the “small motif” variant explored in HierVAEZ], where molecules are
fragmented into minimal cyclic and bond-based motifs.

Each extracted fragment is uniquely represented by its Canonical SMILES &€nhgdmputed

using RDKit's implementation18], providing a compact, human-readable encoding that is invariant

to atom indexing within this scheffleHowever, canonical SMILES do not retain explicit information
about how fragments were connected in the original molecule. To preserve attachment information,
we track the mapping between each atom's original index in the full molecule and its local index in
the extracted fragment. This allows us to recover the attachment points necessary for reassembling
molecules from fragments and sets the foundation for our symmetry-aware attachment modeling
described next.

We treat each fragment as a discrete token, analogous to tokenization in natural language processing
(NLP). This abstraction enables us to associate each fragment with a learnable embedding and
formulate molecular generation as a stepwise prediction over a sequence of fragment tokens.

3.2 Symmetry-Aware Attachment Modeling

Although SMILES syntax allows for explicit encoding of atom-speci ¢ metadata, such as attachment
points using atom-map numbers, incorporating such information would interfere with the canonical-
ization procedure itself, altering the resulting SMILES string. Furthermore, explicit labeling does not
resolve fragment symmetries, where multiple attachment sites may be chemically indistinguishable.
A simple example is benzene, where all carbon atoms are symmetry-equivalent.

AWe note that canonicalization procedures differ between cheminformatics toolkits, and different implemen-
tations (e.g., RDKit, OpenBabé2(]) may produce distinct canonical SMILES for the same moled@i22%2].
Throughout this work, all SMILES are generated using RDKit to ensure consistency and reproducibility.



To ensure that fragment attachments are consistently and unambiguously represented, we introduce a
symmetry-aware standardization procedure. Since our coarse-graining process extracts fragments
corresponding to rings and bonds—both of which are single cycles—the problem of matching atom
indices before and after canonicalization reduces to nding valid cyclic permutations. This is because
RDKit's canonicalization relies on graph traversal (variants of depth- rst or breadth- rst search)
that follow the topology of the cycle, making reindexing predictable up to a rotation. We exploit
this structure by computing similarities between atom environments and identifying cyclic shifts
consistent with the fragment's chemical graph.

To reconstruct the atom index correspondences, we compute pairwise similarities between atoms
based on their local chemical environments, using Morgan ngerpr28sgnd Tanimoto 24]
similarity. This yields a similarity matrix that captures correspondences between atom environments
in different indexing orders. Valid cyclic permutations are then extracted by identifying rotations
that maintain high-similarity mappings across the fragment. Once valid shifts are found, we select a
consistent common frame that uni es attachment con gurations across symmetric cases, ensuring that
generation decisions are invariant to fragment symmetries. Further technical details on the fragment
extraction and attachment point handling are provided in Appendix A.6.

3.3 Order-agnostic Molecular Rollouts

Molecular generation is framed as a sequence of fragment attachments. At each step, the model is
queried with a speci ¢ focal attachment point on the current partial structure and predicts either a new
fragment to attach or a decision to leave the point vacant. Unlike previous methods that use a xed
rollout order (e.g., breadth- rst or depth- rst traversal), we adopt an order-agnostic strategy: the next
focal attachment point is sampled randomly from the available open sites. The only constraint is that
new fragments must attach directly to the existing structure, ensuring the molecule grows as a single
connected component. By avoiding any speci ¢ traversal scheme and allowing arbitrary selection
among open sites, we maximize the exibility and diversity of possible rollouts for each molecule.

The rollout is initialized by selecting a starting fragment at random from the molecule's fragment
set, and identifying its available attachment points. These open sites are placed into an exploration
gueue. At each step, an attachment point is sampled from the queue, and the model predicts either a
fragment to attach or a decision to terminate the site. Unlike linear sequence generation in natural
language models, where a single global termination token signals the end of generation, our process
is inherently parallel: termination occurs locally at each attachment point. The molecule is considered
complete only when all open attachment sites have either been connected to fragments or explicitly
closed. This decentralized termination mechanism re ects the graph-like structure of molecules and
allows generation to proceed exibly through multiple concurrent growth paths.

During training, rollouts are precomputed: for each molecule, a sequence of attachment actions and
intermediate geometries is generated in advance. This allows ef cient learning without the need
for force eld optimization during training epochs. In contrast, during generation, the molecule

is built incrementally, with geometry relaxed after each attachment step via a classical force eld.
This dynamic procedure ensures that predictions remain geometry-aware throughout autoregressive
sampling.

3.4 Model Architecture

The model is implemented as a decoder-only transfor2fgrdperating over a sequence of fragment
tokens. Each fragment is associated with a learnable embedding vector. To incorporate local chemical
context, we augment each embedding with three normalized features indicating the fraction of
attachment sites that are occupied, free, or sealed. These enriched representations serve as inputs
to the transformer layers and help distinguish between fully bonded, partially open, and terminated
fragments.

To make the model geometry-aware, we incorporate spatial information directly into the attention
mechanism via a global attention bi&8]. Speci cally, the attention coef cients between fragments
i andj are given by
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whereDj; is a Gaussian-decayed distance kernes a learnable scalar controlling the strength

of the geometric bias, artg denotes the hidden representation of fragnieas produced by the
self-attention mechanism of the previous transformer layer. This mechanism allows the model to
attend more strongly to nearby fragments without requiring explicit positional encodings.

Unlike sequence-based tasks in NLP, molecules do not follow a canonical linear order. Instead, spatial
relationships emerge from the 3D con guration of fragments. Our attention bias thus acts as a spatial
inductive prior that replaces standard positional embeddings with a structure-aware alternative.

During generation, the model is conditioned on the current fragment set, a designated focal frag-
ment, and a speci ¢ attachment site (the “hit location”). After processing the structure through the
transformer, we perform a focalized readout: the focal embedding attends to all fragments, with
attention scores further biased by distances to the hit location. This aggregates global context while
emphasizing the local growth site. The resulting vector is concatenated with the conditioning proper-
ties, passed through a feed-forward layer, and projected onto the vocabulary of fragment-attachment
actions, including the termination action.

3.5 Training Objective

We train the model to maximize the log-likelihood of each moleddlaunder the order-agnostic
rollout factorization [15, 16], conditioned on target properties
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The expectation is over all valid rollouis of M , with the lower bound derived via Jensen's inequality
[27]. In practice, we use a Monte Carlo approximation of the expectation and randomly sample
one rollout per molecule per epoch, providing natural data augmentation by exposing the model to
diverse construction orders. At each step, it is trained to predict the next fragment-attachment pair or
a termination action, conditioned on the current partial structure and target properties.

To initiate rollouts, we jointly train an auxiliary model to predict a suitable starting fragment from the
target properties. This predictor is a feed-forward network that outputs independent probabilities for
each fragment in the vocabulary, framing the task as multi-label classi cation. It is trained with binary
cross-entropy loss to encourage high scores for fragments present in the molecule. Both models share
the same training splits.

Together, these components enable end-to-end conditional generation—from fragment selection
to exible, geometry-aware rollouts. Importantly, conditioning is implemented in a fully implicit
manner: target properties are provided as inputs during training, but no auxiliary loss is applied to
enforce property compliance. This allows the model to learn property alignment organically from the
data distribution.

3.6 Sampling Procedure

To generate a molecule conditioned on user-speci ed properties, we begin by completing the condi-
tioning vector when only a subset of target properties is provided. The missing properties are sampled
using a Gaussian Mixture Model (GMM28] tted to the empirical distribution of training data.
This ensures that completed conditioning vectors remain realistic and consistent with the underlying
data distribution. Further details on GMM training and validation are provided in Appendix A.2.

Once the conditioning vector is completed, generation is initialized by selecting a starting fragment.
A trained fragment predictor assigns independent probabilities over the fragment vocabulary, from
which a seed fragment is sampled. The molecule is then constructed autoregressively.

In Appendix A.7, we evaluate several sampling strategies, including greedy and probabilistic decoding,
as well as seed fragment selection from the kkgpredictions (withk = 3;5; 10). We also investigate
how conditioning values in uence the choice of starting fragment in Appendix A.4.



4 Experiments

We evaluate our model on a subset of the ZINC dat&g@tdriginally curated for ChemicalVAE

[6], containing approximately 200,000 drug-like molecules. Each molecule is annotated with 12
properties computed using RDKit, which are used both for conditioning and evaluation (see Appendix
A.1 for details). We adopt an 80/10/10 train/validation/test split.

4.1 Training and Ablation Summary

We train an 8-layer decoder-only transformer trained with Adar8®/31] and a linear warmup-
decay schedule. Hyperparameters were selected via grid search (Appendix A.3), with the nal
con guration using a 0.3 dropout rate, 64 attention heads, 0.15 warmup ratio &8 peak
learning rate. Ablation studies con rm three key ndings: (i) conditioning on more properties
improves performance, consistent with the “tomographic effe&2], where richer conditioning helps
disambiguate structure, (ii) geometry-aware attention aids performance when initialized with positive
bias, and (iii) rollout resampling serves as effective regularization, reducing over tting. These inform
our nal model, trained with resampling for 50 epochs.

4.2 Benchmarking Unconditional Generation

While our model is optimized for conditional generation, we evaluate it under unconditional settings
for completeness. We evaluate unconditional generation by measuring how closely the model repro-
duces the property distributions of the training data. Because direct comparison of molecular graphsis
challenging, we instead compare the distributions of twelve physicochemical and structural properties
between 5,000 generated molecules and the dataset. These properties include: logP (logarithm of
water partition coef cient, used as a measure of lipophilici83][ QED (quantitative estimate of
drug-likeness)34], SAS (synthetic accessibilityBp], FractionCSP3gp® carbon fraction), molecular
weight, TPSA (topological polar surface areadd], MR (molar refractivity, descriptor accounting for
molecular size and polarizability3g], hydrogen bond donors and acceptors (HBD, HBA), ring count,
number of rotatable bonds ( exibility), and number of chiral centers (stereochemical complexity).

To compare distributions, we use the 1D Wasserstein distance for each property, folldWing [
providing a robust measure of distributional similarity. In addition, we report three standard metrics:
Uniqueness (fraction of distinct molecules), Novelty (fraction of valid, unique molecules not present

in the dataset), and Diversity (average pairwise Tanimoto distance among generated molecules).
We omit validity, as our model enforces valence constraints during generation and consistently
produces valid molecules. Molecular identity is determined solely by connectivity, using the rst
block of the InChlKey B8, 39], which encodes the molecular skeleton and excludes variation due to
stereoisomerism, tautomerism, and related forms of isomerism.

As our model is inherently conditional, we simulate unconditional generation by sampling conditions
to match the training distribution. We evaluate two variants: MolMinerD, which samples conditions
directly from the dataset, and MolMinerS, which samples conditions from the GMM.

We benchmark against HierVAR 2] an unconditional model, which is the most comparable in terms

of generation strategy and architectural design. We exclude MABSds it accesses ground-truth
molecular properties during generation to guide sampling. Speci cally, MARS evaluates properties
such as QED, SA, or activity scores on-the- y for proposed molecules and uses these values to shape
the acceptance probability in a Markov Chain Monte Carlo (MCMC) loop. This fundamentally differs
from our approach, in which molecules are generated solely from prompted (i.e., user-speci ed
or sampled) properties, without access to oracle evaluations at inference time. As such, a direct
comparison would be misleading in practical scenarios like high-throughput screening, where true
property values are unavailable during generation.

We also experimented with MoLeR.4], using the of cial implementation and training con guration.
The model was run for seven days on an NVIDIA RTX 3090 GPU, completing two 5,000-step
validation intervals (“mini-epochs”) as de ned in the authors' logging protocol. Molecules sampled
from the latent prior were often chemically implausible and showed poor alignment with training
property distributions. These results are consistent with known limitations of VAE-based molecular
models—particularly the mismatch between prior and posterior distributions—and with previously



reported decoding issues in MoL&RNe therefore exclude MoLeR from our main quantitative
comparisons but include these results in the Appendix A.9.

Additional sampling strategy comparisons for MolMiner are provided in Appendix A.7, along with
kernel density plots of the generated property distributions for visual reference.

Table 1: Wasserstein distances between the property distributions of generated molecueQR)
and the reference dataset are reported, along with uniqueness (%), novelty (%), and mean Tanimoto
distance, for HierVAE and Molminer in two different sampling approaches.

MolMinerD  0.31 0.01 0.07
MolMinerS 0.46 0.02 0.09

47 76 119 014 036 041 064 0.19 99  99.50.89
65 109 163 016 056 059 088 0.26 98  99.80.89
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Our model performs slightly below HierVAE in unconditional generation, with modest differences
across most properties. The largest gaps—observed in molecular weight, TPSA, and molar refractiv-
ity—are partly attributable to approximation error in GMM-based conditioning. While this explains
some degradation from MolMinerD to MolMinerS, it does not fully account for the gap. Crucially,
MolMiner is optimized for conditional generation, where it enables exible, multi-property control.
We now evaluate its performance in that setting.

4.3 Benchmarking Conditional Generation

To evaluate conditional generation, we measure how accurately the model produces molecules
that match speci ed target property values. For each of the twelve physicochemical and structural
properties, we uniformly sample target values across the rang@ , based on their empirical
distributions in the dataset. The remaining eleven properties are sampled conditionally from the
GMM prior, and the full twelve-dimensional vector is used to guide generation. This process is
repeated 30 times per target value, enabling a robust estimate across the full range of each property.

Calibration plots compare the prompted (target) values with the properties predicted from the
generated molecules. For continuous properties, we show mean trendslvatandard deviation
bands; for discrete properties, we report confusion matrices. This setup evaluates how faithfully the
model responds to conditioning across the entire dynamic range of each property, providing insight
into its capacity for simultaneous, multi-property control.

As shown in Figure 2, the model achieves calibrated conditional generation for most of the twelve
properties. QED is a notable exception, where control accuracy degrades. In addition, molwt and
MR exhibit systematic deviations, consistent with their performance in the unconditional benchmark,
suggesting areas for further improvement. Overall, to our knowledge, this is the rst model to support

simultaneous conditioning across as many as twelve molecular properties—representing a signi cant
advance in controllable molecular design.

5 Limitations

While MolMiner demonstrates strong performance in conditional generation and introduces several
architectural innovations, certain limitations remain. Notably, the model underperforms its predeces-
sor in unconditional generation for some properties, particularly molecular weight, MR, and TPSA.
We hypothesize that this arises from a tendency to terminate rollouts early, producing slightly smaller
molecules on average. This behavior may stem from an imbalance in the training data: the order-
agnostic rollouts used in MolMiner contain a higher proportion of termination actions than in prior
models, potentially biasing the model toward early termination. This effect likely contributes to the
systematic deviations observed in the calibration plots, especially for molecular weight. Addressing
this may require balancing termination actions during rollout sampling or introducing reinforcement
learning based ne-tuning to better calibrate the model's termination policy.

3https://github.com/microsoft/molecule-generation/issues/77



Figure 2: Calibration of predicted molecular properties. Continuous properties show predicted
vs. prompted values with mean trends antl standard deviation bands; discrete properties are
summarized as confusion matrices.



6 Conclusion

We introduce MolMiner, a novel generative model for inverse molecular design that is autoregressive,
fragment-based, geometry-aware, and order agnostic. Crucially, MolMiner supports conditional
generation on up to twelve key molecular properties, including logP, QED, SAS, FractionCSP3,
molecular weight, TPSA, molar refractivity, hydrogen bond donors and acceptors, ring count, rotatable
bonds, and chiral centers.

We show that MolMiner enables controllable and calibrated generation across most of these properties.
To make the process more exible and user-friendly, we introduce a GMM that allows users to specify
any subset of properties while the remaining values are sampled conditionally.

In unconditional benchmarks, MolMiner performs comparably to existing models across many
properties, though some—patrticularly molecular weight, TPSA, and molar refractivity—still exhibit
systematic deviation. More importantly, the model demonstrates strong performance in the more
challenging setting of conditional generation.

To our knowledge, this is the rst model to unify the following capabilities within a single generative
framework:

1. Dynamic incorporation of 3D molecular geometry during autoregressive generation,
2. A symmetry-aware protocol for fragment attachment,
3. Order-agnostic rollout with demonstrated regularization bene ts,

4. Scalable, high-dimensional conditional generation using a GMM-based prior.

Together, these contributions advance the state of controllable molecular generation and lay the
foundation for more interpretable, exible, and accessible tools for molecular design.

Beyond methodological advances, MolMiner has the potential to accelerate discovery in domains of
high environmental and biomedical relevance. By enabling inverse design of molecules with precise
control over structural and physicochemical properties, our model could assist in the development
of next-generation materials for sustainable energy storage and conversion —such as organic redox
ow batteries and organic photovoltaics— facilitate early-stage drug discovery, and support green
chemistry initiatives aimed at more environmentally responsible molecular design.

7 Computational requirements

All the models in this work were trained using PyTorch 2.5.0 on a NVIDIA RTX3090. Training
these models took approximately 7 days, or 30 epochs, using a batch size of 256 with AdamW as the
optimizer, and RAM usage of 70 GB.

8 Code and data availability

All code, model checkpoints, and processed data used in this work are availatifesaigithub.
com/raulorteg/molminer . This includes the ZINC subset with computed properties, dataset splits,
training scripts, and evaluation tools needed to reproduce all experiments.
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A Technical Appendices and Supplementary Material

A.1 Calculated properties for controlled generation

This work included twelve annotated molecular properties for the compounds in the dataset calculated
using RDKit version 2024.3.5, whose statistics for the dataset used in this work are summarized in
Table 2.

* logP: Logarithm of water partition coef cient, used as a measure of lipophilicity.

* QED (Quantitative Estimate of Drug-likeness) A metric re ecting the drug-likeness of a
molecule.

* SAS (Synthetic Accessibility Score)An empirical measure of how dif cult a molecule
is to synthesize ranging from 1-10. Lower values suggest simpler, more synthesizable
structures.

+ FractionCSP3 The fraction of carbon atoms in $pybridization, used to quantify molecu-
lar complexity and three-dimensionality.

* molWt (Molecular Weight) : The total weight of a molecule.

» TPSA (Topological Polar Surface Area) The surface area associated with polar atoms,
in uencing solubility.

* MR (Molar Refractivity) : A descriptor related to the molecular volume and polarizability.
 hbd (Hydrogen Bond Donors) The number of hydrogen bond donors.
 hba (Hydrogen Bond Acceptors) The number of hydrogen bond acceptor atoms.

* num_rings: The total number of ring structures present in the molecule, which contributes
to rigidity.
» num_rotable_bonds The count of rotatable single bonds, a measure of molecular exibility.

* num_quiral_centers The number of chiral centers in the molecule, indicating stereochemi-
cal complexity.

Table 2: Summary statistics in the ZINC dataset used in this work for the twelve molecular properties
supported for conditional generation.

Name Mean Std Min Max
logP 2447  1.448 -6.876 8.252
ged 0.736  0.135 0.112 0.948
SAS 3.071 0.864 1.133 7.289
FractionCSP3 0.425 0.226 0.000 1.000
molWt 328.291 62.029 150.130 499.998
TPSA 63.173 23.033 0.000 149.700
MR 87.957 17.028 17.490 151.271
hbd 1.286 0.891 0.000 6.000
hba 3.676  1.575 0.000 11.000
num_rings 2.627  0.989 0.000 9.000

num_rotable_bonds 4542 1.561 0.000 11.000
num_quiral_centers 0.956  0.993 0.000 11.000
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A.2 Conditionally sampling Gaussian Mixture Models

A trained conditional model supports design controig@ropertiesx = ( X1; X2; :::; Xq). In practice,
specifying alld properties is not always possible or convenient. We aim to allow a user to control any
subset of controlled properties, which we call ‘observegls, and sample the 'missing’ properties
¥miss from the conditional distributiop(%miss j*obs). Then, the fully reconstructed array of proper-
tiesx = ( %ops; %¥miss ) €an be used as input for the conditional model.
In order to sample all possible combinations of 'missing' properties given any set of possible ‘ob-
served' properties it is useful to use a GMM so the conditional distributions are easy to compute.
We therefore assume that thelimensional tuples of control properties for molecules in our dataset
are sampled from an unknown distribution that can be approximated by a mixture of nite gaus-
sian distributions with unknown parameters, which are optimized in our case using Expectation
Maximization.

X

x (%)= kNG k) 4)
k=1
Then the conditional density:

f (¥miss ] %obs) = f (%obs; %miss ) _ KNCGE o)

f ('Xobs) k=1 f ('Xobs)
_ X N (Xobs] kiobs; kobs obs) N (Xmiss | kmiss jobss  k;miss jobs)
k=1 f ('Xobs)
X< k N (’Xobsj k;olp’s; k;obs obs) N (’Xmiss J k;miss jobs; k;miss jobs)
= P -
k=1 =1 IN (Xobs] L:obs: Iobs obs)

Where we used:

N (% k; k)= N (*obs] kobs: kobsobs) N (¥%miss ] k;miss jobss  k;miss jobs)

f (%obs) = I N (%obsj 1:obs; I;0bs obs)
I=1
Re-organizing the conditional density we write:

f ('Xobsj'xmiss ) = wi N (Xmiss ] k;miss jobs; k;miss jobs) (5)
k=1
With:
X

k N (%obs] kobs: k:obs obs)

Wy = P ; -
k=1 1=1 | N ('Xobs] l;obs s I;0bs obs)
— 1
k;miss jobs —  k;miss *+  Kkmiss obs k;obs obs (’Xobs k;obs)
— 1
k;miss jobs =  k;miss miss kimiss obs  k:obs obs k;obs miss

Givenxgps Sampling the conditional distributions can then be done rst sampling the k-th gaussian
to use, weighted by the scala and then sampling the corresponding gaussian mixtgg
N ( k;miss jobs; k;miss jobs)

Implementation & Hyperparameters

We employed the GMM implementation from scikit-learn (version 1.5.2), speci callyGhassian-
Mixture class. In order to nd the optimal number of components K of the mixture we employ the
elbow method with BIC and AIC metrics, as implemented in the aforementioned python package.
The GMM models was trained same dataset split train-val-test splits (80-10-10) as the rest of this
work. For varying number of mixture components the models were trained on the training set and the
BIC and AIC scores noted, as shown in Figure 3.

From Figure 3 we take the K=8 as the best number of components for the GMM in our problem as it
is located in the elbow of the plot, indicating an ideal trade-off between complexity and delity.
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